The tick value is a crucial component of market design and is often considered the most suitable tool to mitigate the effects of high frequency trading. The goal of this paper is to demonstrate that the approach introduced in Dayri and Rosenbaum (2015) allows for an ex ante assessment of the consequences of a tick value change on the microstructure of an asset. To that purpose, we analyze the pilot program on tick value modifications started in 2014 by the Tokyo Stock Exchange in light of this methodology. We focus on forecasting the future cost of market and limit orders after a tick value change and show that our predictions are very accurate. Furthermore, for each asset involved in the pilot program, we are able to define (ex ante) an optimal tick value. This enables us to classify the stocks according to the relevance of their tick value, before and after its modification.
Introduction
On January 14, 2014, the Tokyo Stock Exchange (TSE) launched the first phase of its pilot program on tick value 1 modifications, reducing the tick value of the TOPIX 100 index stocks priced above Y3000 by approximately 90% (see Section 3.1 for more details on this pilot program). The second phase was implemented on July 22, 2014, targeting a sub-Yen tick value reduction for stocks of the TOPIX 100 index priced below Y5000. The third phase of this program is expected to start in September 2015, when a new tick value table should be announced after the evaluation of the effects of the tick value reductions in the first two phases.
The tick value is probably the most relevant tool that can be used by exchanges and regulators in order to improve the trading quality and the robustness of the market structure, see Lehalle et al. (2014) . Compared with other more controversial proposals, such as imposing a minimum resting time for orders to remain valid or using frequent batch auctions, setting a suitable tick value is in general considered to be a better way to control the growing activity of high frequency traders, which accounts nowadays for more than 40% of the total volume on equity markets. Indeed, a tick value change induces very little cost and is easily reversible if the outcome does not meet the market designer's expectations.
The Tokyo Stock Exchange is not alone in its search for better tick values. In the United States, on August 26, 2014, the Securities and Exchange Commission announced a program aiming at widening tick values for stocks with small capitalization. A targeted 12 months pilot experiment will be implemented to assess the effects of such changes. In Europe, in May 2014, the European Securities and Markets Authority released a MiFID2/R discussion paper which proposes two options for a new harmonized tick value regime to be introduced across all trading venues. These two options are currently debated by European regulators.
Before the pilot program, most Japanese stocks were typical examples of large tick assets, that is assets whose bid-ask spread is almost always equal to one tick. The tick value being the lower bound for the bid-ask spread, when it is too large, the cost of market orders becomes very significant. This not only damages liquidity takers but also the "slow" liquidity providers who suffer from the intensification of the speed competition for gaining time priority in the order book queues, see Moallemi and Yuan (2015) . Although it is quite commonly accepted that it is preferable to reduce the tick value for these large tick assets, finding the appropriate tick value remains a very intricate problem. Indeed, most of the numerous works about the consequences of a tick value change are empirical and focus on the outcomes of this market design modification in an ex post basis, see for example Lau and McInish (1995) , Ahn, Cao, and Choe (1996) , Bacidore (1997) , Bessembinder (2000) , Goldstein and Kavajecz (2000) , Chung and Van Ness (2001) , Chung and Chuwonganant (2002) , Bourghelle and Declerck (2004) and Wu, Krehbiel, and Brorsen (2011) .
These studies have clearly shown that a change in the tick value may lead to significant implications for the bid-ask spread, the available volume in the order book and many other microstructural quantities. However, very few quantitative tools exist for predicting ex ante these effects. Consequently, exchanges and market regulators often rely on the trial and error approach in order to set appropriate tick values. The Japanese pilot experiment, in which the tick value reduction program is conducted in three phases, is one of such examples. Indeed, the effects of tick value changes in the first two phases are evaluated ex post to help the design of a new tick value table to be implemented in the last phase.
In Dayri and Rosenbaum (2015) , the authors build a quantitative approach towards solving the crucial problems of forecasting the consequences of a tick value change and determining an optimal tick value. To that purpose, based on the model with uncertainty zones introduced in Robert and Rosenbaum (2011) , they use the key microstructural indicator η (half the ratio between price continuations and alternations, see Section 2) which summarizes the high frequency features of an asset. The paramount importance of the parameter η is due to the fact that there is a one to one bijection between its value and the cost of market and limit orders. We recall this connection in details in Section 2. Hence, measuring η allows us to classify stocks according to whether they are profitable for market makers or rather balanced. Furthermore, being able to predict the consequences of a tick value change on η means one can anticipate the new microstructural costs induced by this tick value modification, which is precisely what exchanges and regulation authorities need. Such predictions are possible using the approach in Dayri and Rosenbaum (2015) where explicit forecasting formulas for the parameter η are provided. Moreover, the way to set a tick value leading to an optimal η is also established (see Section 2 for our definition of optimality).
In this work, our goal is to show that the theoretical forecasting formulas in Dayri and Rosenbaum (2015) do enable us to predict ex ante the consequences of a tick value change on the microstructure of an asset, notably on the trading costs. To demonstrate this, we use 18 months of tick by tick market data from the TSE, including the whole year 2014 when the pilot program is in place. Very accurate results are obtained for the prediction of the parameter η. Thus, the approach in Dayri and Rosenbaum (2015) is proved to be indeed very helpful in both predicting the consequences of a tick value change and choosing an optimal tick value for large tick assets.
The paper is organized as follows. We recall in Section 2 the reading of the model with uncertainty zones as a mean to quantify the average cost of market and limit orders using the crucial microstructural indicator η. At the end of this section, we give the prediction formula for η after a tick value modification. Hence we provide a way to predict the change in the cost of market and limit orders induced by such modification. In Section 3, we consider the TSE pilot experiment on tick values. First, before the start of the program, we classify Japanese assets in two categories: stocks with costly market orders and stocks with balanced costs between market and limit orders. Note that the situation of costly limit orders is very unlikely. Indeed, in that case, market makers would increase their spread, what they can always do. Then we apply in the same section the forecasting methodology presented in Section 2. In particular, we predict whether a stock will change category after the tick value modification. We conclude in Section 4.
2 Cost of trading and high frequency price dynamics 2.1 The model with uncertainty zones: When the tick prevents price discovery
The model with uncertainty zones, introduced in Robert and Rosenbaum (2011) , is a high frequency model for the transaction prices of a large tick asset. It reproduces most macroscopic and microscopic stylized facts of price dynamics and is very suitable for the analysis of the role of the tick value in determining the microstructural features of an asset. This model assumes the existence of a latent efficient price X t , typically a martingale, and states that a transaction can occur at a given price level (on the tick grid) only provided this price level is close enough to the efficient price. This proximity is quantified by the parameter η: the distance between the potential transaction price and the efficient price has to be smaller than α/2 + ηα, with α the tick value of the asset. Thus, for a large tick asset, assuming the efficient price lies within the one tick bid-ask spread [b, b + α], we have η ∈ [0, 1/2] and obtain three zones for the efficient price:
• If it lies between b and b + α(1/2 − η), transactions can only occur on the bid side (bid zone).
• If it lies between b + α(1/2 + η) and b + α, transactions can only occur on the ask side (ask zone).
• If it lies between b + α(1/2 − η) and b + α(1/2 + η), transactions can occur both on the bid and on the ask side (buy/sell or uncertainty zone). 3 Figure 1 : The three different zones when the bid-ask is 100-101 and the tick value is equal to one. The red dotted lines are the limits of the uncertainty zone. The uncertainty zone inside the spread is the buy/sell zone. The upper dotted area is the ask zone and the lower dotted area is the bid zone.
These three zones are summarized in Figure 1 .
Estimation of η The parameter η can be very easily estimated as follows. We define an alternation (resp. continuation) as a transaction price jump of one tick whose direction is opposite to (resp. the same as) the one of the preceding transaction price jump. Let N (a) and N (c) be respectively the number of alternations and continuations during the period [0, t]. The estimator of η over [0, t] is simply given by
Theoretical properties for this estimator are established in Robert and Rosenbaum (2012) . Note that in Section 3, the estimated values of η over given time periods of several months will be given by the averages of the daily estimations of η over all the days of the periods. Figure 2 : Daily values of η for all the assets of the TOPIX 100 index, for every day so that the daily average spread is smaller than two ticks, from 2013, June 3 to 2013, December 30.
Perceived tick size and cost of market orders
The parameter η controls the width of the uncertainty zones (which is 2ηα ; when the efficient price is inside this zone, investors cannot clearly decide if it is more relevant to buy or sell) and measures the bouncing intensity of the transaction price due to the existence of the tick value. It can actually be seen as an indicator for the perceived tick size of a large tick asset: A very small η (η 0.5) means that for market participants, the tick value appears much too large (in such case, it is necessary to be sharp in term of estimation of the efficient price to know if it is reasonable to buy or sell at a given time), while a η close to 1/2 is synonym of a suitable tick value (in such situation, the uncertainty zones almost correspond to the tick grid). To understand this, consider a market order of unit volume at price P t at time t. Its cost with respect to the efficient price is P t − X t . For a large tick asset, the average cost of such market order can be computed and is equal to α/2 − ηα, see Dayri and Rosenbaum (2015) . The quantity α/2 − ηα is non negative provided η ≤ 0.5, a condition which is almost systematically satisfied by estimated values of η on large tick assets, see Figure 2 . Indeed, it would otherwise mean that on average, market makers lose money. This is not really possible since in such situation, they would simply increase their spread, what they can always do. Thus, when η < 0.5, market takers have to pay a fixed positive cost in order to get liquidity, while market makers gain profit by placing limit orders 2 . This cost paid by liquidity takers is given by α/2 − ηα. Consequently, for large tick assets, the classical efficiency rule that assumes zero cost for both market and limit orders becomes irrelevant.
Implicit bid-ask spread and cost of limit orders
Within bid-ask quotes of the form [b, b + α], the width of the uncertainty zone represents the range of values for the efficient price X t where transactions can occur both at the best bid and the best ask side. The size of this range is 2ηα. Therefore, it is natural to view the quantity 2ηα as an implicit spread. This idea is fully supported by the regression analysis in Dayri and Rosenbaum (2015) , which shows empirically that for large tick assets, ηα is proportional to the volatility per trade:
where σ denotes the square root of the daily integrated variance of the price, M the number of transactions per day and c a constant around one. Yet it is well-known that for small tick assets, for which the (conventional) spread can evolve freely and is not artificially bounded from below by the tick value, the average spread is proportional to the volatility per trade, see Madhavan, Richardson, and Roomans (1997) and Wyart, Bouchaud, Kockelkoren, Potters, and Vettorazzo (2008) . This confirms that 2ηα can be interpreted as an implicit spread for a large tick asset.
Actually the fact that for small tick assets, the average spread S is proportional to the volatility per trade simply comes from the efficiency condition stating that market makers make on average zero profit due to competition. More precisely, to derive the spread-volatility per trade relation, let us consider a dichotomy between market makers using limit orders and market takers using market orders. In that case, the average profit and loss per trade of a typical market making strategy, which can be understood as that of a limit order, is essentially equal to S/2 − cσ/ √ M , see Wyart, Bouchaud, Kockelkoren, Potters, and Vettorazzo (2008) . Therefore, the efficiency assumption implies
In the case of a large tick asset, for which S = α, as seen in the previous subsection, market orders are costly, their cost being on average α/2 − ηα. Therefore the profit and loss of market makers, which is still S/2 − cσ/ √ M , is no longer zero. Indeed, it is precisely the cost paid by market takers. Consequently, we get
which leads to Equation (1). Importantly, this simple cost analysis and Equation (1) derived from it enable us to design simple prediction formulas for η after a change in the tick value.
Prediction of the cost of market and limit orders
Based on the fact that Equation (1) should hold for a large tick asset for any tick value, the authors in Dayri and Rosenbaum (2015) establish three prediction formulas for the new value of η, and therefore for the new cost of market and limit orders, after a change in the tick value of an asset. Each of the three formulas corresponds to different assumptions. For simplicity, we only present here a formula which does not require any prior regression analysis and assumes a linear shape for the cumulative latent liquidity.
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Let us consider a large tick asset for which the current tick value is α 0 and associated is η 0 . Then, if the tick value is changed to α, the formula for the new parameter η gives:
We now comment this formula and its use to predict the new microstructural features of an asset after a tick value change:
• Formula (2) actually holds only provided the asset remains a large tick asset after the change in the tick value. However, due to the concurrence mechanism, market makers maintain a spread equal to one tick as long as they make profit from it, that is as long as η < 1/2. The value of η in the formula being decreasing with α, we get that Formula (2) holds provided α ≥ α * with α * = η 0 + 0.1 0.6 2 α 0 .
• Formula (2) enables us to tell whether the asset remains a large tick asset after the tick value change: if the forecast value of η is greater than 1/2 (that is α < α * ), the asset is predicted to become a small tick asset after the tick value modification. However, note that in that case, the forecast value of η cannot really be interpreted beyond this (becoming small tick or not).
• If the predicted value of η is smaller than 1/2, Formula (2) provides the estimated η after the tick value change, and therefore the estimated cost of market and limit orders. In particular, this allows us to tell ex ante whether a stock will become/remain favorable for market makers or exhibit balanced trading costs. This is probably the most relevant viewpoint in term of regulation.
What is a suitable tick value?
From a regulatory perspective, a tick value can probably be seen as suitable if:
• The bid-ask spread is close to one tick, ensuring the presence of liquidity in the order book.
• Transaction costs are close to zero for market orders. In that case, the market is efficient and market makers do not take advantage of the tick value to the detriment of final investors acting mainly as liquidity takers.
Thus, in our approach, an asset enjoys a relevant tick value if it is a large tick asset and its η parameter is close to 1/2. Indeed, recall that the cost of a market order for a large tick asset is α/2 − ηα.
Note that according to Formula (2), starting from a large tick asset, the optimal tick value can be obtained setting α = α * . With this optimality notion in mind, we conduct in the next section an empirical analysis of the Japanese pilot program on tick values.
Analysis of the Tokyo Stock Exchange pilot program on tick values 3.1 Data description
We use data from the 55 Japanese stocks of the TOPIX 100 index involved in the pilot program in 2014. Our database, provided by Capital Fund Management, records the time and price of every transaction, as well as the best bid and ask prices right before the transactions, from June 3, 2013 to December 30, 2014. We remove market data corresponding to the first and last hour of trading, as these periods have usually specific features due to the opening/closing auction. Three different phases are distinguished in this study:
• Phase 0 (before the pilot program): from June 3, 2013 to January 13, 2014.
• Phase 1 (from the first implementation of the tick value reduction program to the second one): from January 14, 2014 to July 21, 2014.
• Phase 2 (after the second implementation of the tick value reduction program): from July 22, 2014 to December 30, 2014.
The details of the pilot program are given in Table 1 .
Quoted price below (Y) Phase 0 tick value (Y) Phase 1 tick value (Y) Phase 2 tick value (Y) 1,000 1 1 0.1 3,000 1 1 0.5 5,000 5 1 0.5 10,000 10 1 1 30,000 10 5 5 50,000 50 5 5 100,000 100 10 10 300,000 100 50 50 500,000 500 50 50 1,000,000 1000 100 100 3,000,000 1000 500 500 5,000,000 5000 500 500 10,000,000 10000 1000 1000 30,000,000 10000 5000 5000 50,000,000 50000 5000 5000 Higher prices 100000 10000 10000 
Classification of the stocks in Phase 0
In this work, we use the average spread in number of ticks, now denoted by S and estimated as the average value of the bid-ask spread right before a transaction, to classify the stocks into three groups:
• Small tick stocks: S > 1.6.
• Large tick stocks: S ≤ 1.5.
• Ambiguous case between large and small tick: 1.5 < S ≤ 1.6.
For large tick stocks, we use the parameter η to distinguish between balanced stocks, for which market orders are reasonably costly, and stocks where market makers (viewed again as an aggregated class) obtain significant profit from liquidity takers thanks to the tick value. We use the following criterion:
• Balanced stocks: η ≥ 0.4.
• Market makers favorable stocks: η < 0.4.
Note that small tick stocks will be considered balanced stocks. However, they do not fulfill the criteria for stocks having a suitable tick value, their spread being somehow too large.
For each of the 55 stocks, for Phase 0, we give in Table 2 the average spread (S 0 ), the value of the η parameter (η 0 ) and tell whether the stock is large tick or not (Yes or No for the variable LTick 0 ) and whether it is balanced or not (Yes or No for the variable Bal 0 ).
We see that all the assets but one (Mitsubishi Estate Co Ltd) are large tick stocks in Phase 0. However, among the remaining 54 large tick stocks, only five of them are balanced: Chubu Electric Power Co Inc, Inpex Corp, Kirin Holdings Co Ltd, Kubota Corp and Sumitomo Electric Industries Ltd. According to our framework, no tick value modification was necessary for these five assets. However, a tick value reduction can be beneficial for the 49 other stocks, which somehow justifies the will of the TSE to launch the pilot program.
Phase 0 -Phase 1
We now test the prediction formula (2) between Phase 0 and Phase 1. We first select 12 stocks among the 55 stocks based on the following criteria:
• These stocks are large tick assets during Phase 0.
• These stocks are involved in the tick value reduction program during Phase 1.
• For every stock, days on which multiple tick values are used 3 are removed from the database. We then choose the tick value right before the end of Phase 0 and the tick value right after the beginning of Phase 1 as two reference tick values. Stocks for which the numbers of days when the tick value is equal to its reference value in Phase 0 and Phase 1 are both greater than 10 are finally selected.
Twelve assets are remaining after this selection. For each of these stocks, based on the value of η in Phase 0 (η 0 ), we predict the new value of η in Phase 1 (η p 1 ) using Formula (2). We provide confidence intervals based on the 25% and 75% quantiles of the distribution of the estimated daily η in Phase 0 4 . We also forecast whether the asset will be large tick in Phase 1 (LTick p 1 ) and balanced in Phase 1 (Bal p 1 ). More precisely, considering a predicted η larger than 1/2 corresponds to an increase of the spread (recall that the situation η > 1/2 is not compatible with a one tick spread): Table 3 : For the 12 selected stocks: Average spread and value of η in Phase 0 and Phase 1, categories in Phase 1, and predictions for η and the categories. The number of stars * in front of a company name represents the number of good predictions (one for being large tick or not, one for being balanced or not). A star between brackets (*) corresponds to an "ambiguous" case.
• If η p 1 ≥ 0.55, the asset is predicted to become a small tick asset after the tick value change.
• If η p 1 < 0.5, the asset is predicted to remain a large tick asset after the tick value change, with the forecast value for the new η being meaningful and given by η p 1 .
• We qualify the situation 0.5 ≤ η p 1 < 0.55 as an "ambiguous" case between large tick and small tick.
We compare the predictions to the actual quantities in Phase 1: η 1 , LTick 1 and Bal 1 . The results are given in Table 3 .
The obtained average relative prediction error for η 1 , that is the average of the |η p 1 − η 1 |/η 1 is less than 18%. This shows that thanks to Formula (2), we can forecast the new value of η, and therefore the new trading costs, with a good accuracy. Our prediction for η being quite sharp, it is no surprise that we are able to forecast whether or not a stock is going to remain large tick and whether it is balanced in Phase 1. For nine of the stocks, our forecast was that it would remain large tick, and seven of these predictions were correct (classifying the "ambiguous" case as correct). We also predicted that two of the assets would become small tick and both predictions were correct. Thus, the predictive power of our methodology is very high.
According to our optimality notion, three of the twelve stocks now enjoy a suitable tick value (balanced large tick stocks): Seven I Holdings Co Ltd, Takeda Pharmaceutical Co Ltd and Tokio Marine Holdings Inc. Such results could have been obtained ex ante using our approach. Indeed, following our methodology, a regulator or an exchange can anticipate the suitable way to operate a tick value change, especially when the goal is to decrease the tick value of an unbalanced stock.
To end this subsection, as an illustration, we give in Figure 3 detailed results about η for the stock Canon Inc. More precisely, we provide daily estimations of η for the last 3.5 months of Phase 0 and the first 3.5 months of Phase 1. We also add the average values of η during both phases together with our forecast for the value of η in Phase 1. We see on this example that our prediction is very close to the realized value.
Phase 1 -Phase 2
The tick value reduction program affects much more stocks in Phase 2. Using the same selection criteria as previously (replacing Phase 0 by Phase 1 and Phase 1 by Phase 2), we find 48 stocks that are large tick assets during Phase 1 and have their tick value effectively reduced in Phase 2. We draw a similar analysis as the one for Phase 0-Phase 1. The results are given in Table  4 , where the index 1 is used to denote quantities in Phase 1 and the index 2 quantities in Phase 2.
Once again, we obtain an excellent accuracy for predicting the value of η in Phase 2 based on that in Phase 1. Indeed, the average relative error is here less than 17%. Among the 48 assets, 16 of them are predicted to become small tick stocks and all these predictions are correct. Moreover, 28 stocks are predicted to remain large tick and 23 of these predictions are correct (taking the ambiguous cases as correct). Regarding the fact of being balanced, more than 85% of our predictions are realised. Hence the study of the evolution of the market between Phase 1 and Phase 2 confirms what was found for Phase 0-Phase 1: our device based on η enables us to forecast ex ante the consequences of a change in the tick value on the market microstructure.
Note that after this second phase, the stocks Canon Inc, Chubu Electric Power Co Inc, Dalichi Sankyo Co Ltd, JX Holdings Inc, Komatsu Ltd and Mitsubishi Electric Corp seem to have a suitable tick value (balanced large tick stocks).
Based on data from the TSE pilot program, we have studied the effects of tick value changes on the microstructure of large tick stocks. This has been done using the microstructural parameter η which summarizes the high frequency features of a large tick asset, in particular the associated trading costs. The prediction formula suggested in Dayri and Rosenbaum (2015) for the new value of the parameter η after a tick value change has been tested using all the stocks of the Japanese experiment. We have compared the prediction results in Phase 1 and Phase 2 with the realized η, and shown that Formula (2) provides very accurate forecasts. In particular, we can predict ex ante whether a large tick stock will become a small tick stock after a tick value change and whether or not its associated trading costs will be balanced between market makers and liquidity takers.
This work validates the quantitative tools developed in Dayri and Rosenbaum (2015) for studying the consequences of a tick value modification. It provides detailed practical guidelines for market regulators and exchanges searching for optimal tick values. Indeed, it can help them choose suitable tick values without applying any trial and error method, which may largely reduce the duration and cost of pilot programs.
